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Abstract

This paper presents an approach to human motion
tracking using multiple pre-trained activity models for
propagation of particles in Annealed Particle Filtering.
Hidden Markov models are trained on dimensionally
reduced joint angle data to produce models of activ-
ity. Particles are divided between models for propaga-
tion by HMM synthesis, before converging on a solu-
tion during the annealing process. The approach facili-
tates multi-view tracking of unknown subjects perform-
ing multiple known activities with low particle numbers.

1. Background

Techniques based on particle filtering have been
widely used in human motion tracking [4, 5]. Given
enough particles it is possible to approximate a poste-
rior distribution for the configuration of a human body
given a series of observations [1]. However, the typi-
cally high number of degrees of freedom in full body
tracking feature spaces results in a large particle re-
quirement. The evaluation of a weighting measure for
each hypothesis makes human motion tracking a com-
putationally demanding task. Annealed Particle Filter-
ing (APF) [4] is a variation of Sampling Importance Re-
sampling (SIR) [1] which reduces computational load
by attempting to recover only the global maximum of
the posterior distribution at each time step. APF has
been shown to achieve better tracking accuracy than
SIR given the same number of particles [2].

To avoid searching in high dimensional feature
spaces, approaches to tracking often make assumptions
about the class of movement and look for solutions in
low dimensional pose spaces recovered from training
data [3, 7]. Inspired by earlier work [5], we extend
a previous approach using a single activity model [3]
to give simultaneous consideration to multiple models.
Low dimensional activity feature spaces are produced
by the application of PCA to training data. The result-

978-1-4244-2175-6/08/$25.00 ©2008 IEEE

ing data distributions and associated dynamics are mod-
elled by training hidden Markov models (HMMs). Syn-
thesis is used for efficient particle dispersion in APF to
allow tracking with low particle numbers. PCA is com-
putationally cheap compared with other, nonlinear, di-
mensionality reduction techniques [7], as is the transfer
of particles from one activity subspace to another. Par-
ticles are free to migrate between models both at each
frame and at each annealing layer and we consider the
recovered distribution as an activity classifier.

2. Method

The HumanEva-II dataset [6] contains multi-camera
synchronised video sequences of subjects performing
various activities. Associated ground truth MoCap data
allows for the quantitative evaluation of tracking accu-
racy (§ 3) and separate training MoCap data for the esti-
mation of a body model (§ 2.2) and learning of activity
models (§ 2.3). We start by briefly reviewing particle
filtering and its annealing extension.

2.1. Particle Filters and Annealing

Human motion can be modelled as the evolution of
a system state x; over time t = 1,2,...,T, described
by a Markov process and observed by a sensor provid-
ing independent observations, Z; = (zi,...,2z;). The
posterior distribution can be obtained according to the
recursion

p(x¢|Z¢) x p(zt|xt)/

Xt—1

P(Xe|xe—1)p(Xe—1]Zi—1).
¢))

In SIR a multimodal system state is represented via a
finite set of b = 1, ..., B normalised, weighted particles.
Dispersion by a model of temporal dynamics, evalua-
tion by a weighting function and resampling with prob-
ability proportional to weighting score, propagates the
probability distribution over time [1]. An estimate of
the system’s current state can be obtained by calculat-
ing the sample mean of the distribution £[x;].
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Figure 3. Average over the previous
0.2sec of the distribution of particles be-
tween walking and jogging models at final
annealing layer.

4. Discussion and Conclusions

The tracking results for the Combo sequences rep-
resent good accuracy, with errors in tracking quickly
recovered. Image data from 2 of the 4 cameras with
the tracking model superimposed is shown in Figure 4.
We have used models of behaviour to reduce the com-
putation required for a given level of tracking accuracy.
They could also be used to help guarantee reliable track-
ing given degraded test data. For example, it should be
possible to combine the set of predictive models with
standard APF, handing over a proportion of particles to
an activity model depending on its proximity in terms
of the original feature space. Such a scheme could
improve tracking robustness where image evidence is
weak due to poor silhouettes, fewer cameras or sub-
ject occlusion. In ongoing work we are investigating
the learning of low dimensional activity spaces from hi-
erarchical subtrees of the body model, rather than solely
at the scale of full body configurations.

We have shown how the assumption of a known ac-
tivity e.g. [3, 7] may be relaxed to one of a set of
known activities. PCA is used to create multiple activ-
ity spaces from training data and HMMs are trained to
guide their exploration. A particle-based approach al-
lows us to consider multiple hypotheses from multiple
activity models, with annealing providing a method to
distill out the best candidate at each frame.
Acknowledgments: We thank the authors of [2] for
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Matlab.
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Figure 4. Tracking results for S2, every
200th frame from 2 of 4 cameras used.
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